The success of human life in modern society is highly dependent on occupation. Therefore, it is very important for people to identify and develop a career plan that best suits their aptitude. Traditional test batteries for vocational aptitudes are not oriented to measure developmental changes in job suitability because repeated measurements can introduce bias as the content of the test batteries is learned. In this study, we attempted to objectively assess vocational aptitudes by measuring functional brain networks and identified functional brain networks that intrinsically represented vocational aptitudes for 19 job divisions in a General Aptitude Test Battery. In addition, we derived classifiers based on these networks to predict the aptitudes of our test participants for each job division. Our results suggest that the measurement of brain function can indeed yield an objective evaluation of vocational aptitudes; this technique will enable a person to follow changes in one's job suitability with additional training or learning, paving a new way to advise people on career development.
Only a few functional brain studies related to vocational aptitude have been reported, and these studies do not directly examine how specific vocational aptitudes are represented in the brain (Yurgelun-Todd, Killgore, & Cintron, 2003; Fan et al., 2013; Burgaleta et al., 2014; Jung et al., 2015) . Technical difficulties in measuring brain function that specifically reflect vocational aptitudes may be the reason of this limitation.
Recently, numerous studies have shown that the effects of cognitive and physical training are reflected in morphological and functional brain changes (Golestani, Paus, & Zatorre, 2002; Dong & Greenough, 2004; Bermudez & Zatorre, 2005; Draganski et al., 2006; Maguire, Woollett, & Spiers, 2006; Pereira et al., 2007; Deng, Saxe, Gallina, & Gage, 2009; Voss & Schiff, 2009; Aimone, Wiles, & Gage, 2009; Tremblay, Lowery, & Majewska, 2010; Rhyu et al., 2010; Dosenbach et al., 2010; Teipel et al., 2010; Decety & Michalska, 2010; May, 2011) , indicating the role of environment in neuroplasticity. Therefore, it is likely that changes in vocational aptitudes caused by the environment would also be reflected as functional and/or morphological changes in the brain and that measuring these changes would allow us to assess vocational aptitudes.
In this study, we attempted to assess vocational aptitudes by measuring brain function. We measured resting-state brain function using functional MRI and evaluated vocational aptitudes using the Japanese version of GATB (Employment Security Bureau, Ministry of Health, Labour & Welfare, 2013) . To identify functional networks from the resting-state fMRI signals, we performed a region of interest (ROI)-based analysis, in which ROIs defined on the basis of previous studies (Desikan et al., 2006; Dosenbach et al., 2010) were used. Based on these functional networks, classifiers for vocational aptitude for 19 job divisions in GATB (Table 1) were derived using a multi-class (three levels) support vector machine (SVM).
| M ET HO D S

| Participants
Two groups of participants were included in this study. The first group (for the training of classifiers) included 112 university students in their freshman and sophomore years (28 males, 84 females; mean age 1 standard deviation (SD): 20.14 6 0.69 years). The second group (for the testing of classifiers) included 35 students also in their freshmen and sophomore years from the same university as the first group (5 males, 30 females; mean age 1 SD: 20.15 6 0.75 years).
The volunteers in these two groups participated in both the psychometric and MRI experiments. None of the participants had a history of neurological disease or any other medical conditions (e.g., pregnancy, arrhythmia, or claustrophobia). The participants were given a complete description of the study, and written informed consent was obtained in accordance with the Declaration of Helsinki. This study was approved by the Institutional Review Board of Tohoku Fukushi University in Japan.
| Psychometric measurements of vocational aptitudes
GATB was created by the US government based on a vast amount of occupational analyses (United States Department of Labor, 1970) .
In the analysis, the government classified more than 75,000 jobs into 20 job groups and then found nine aptitudes needed for each job group. In Japan, the Ministry of Health, Labour and Welfare created the Japanese version of GATB and has updated it over the years; it is still widely used today. The Japanese version of GATB, in the present day, has been recognized as having higher reliability and validity than any other test battery and has been through five revisions to track the development of Japanese lifestyle and culture (Muroyama, 2016) .
The Japanese version of GATB classifies people into 40 subdivisions of jobs based on weighted combinations of the scores of the nine abilities. Additionally, 19 independent job divisions, which are larger categories than the 40 subdivisions, are derived from a linear combination of the nine ability scores without weighting and are linearly divided from low to high levels with even intervals of scores such as low, middle, and high, according to GATB (Employment Security Bureau, Ministry of Health, Labour & Welfare, 2013) . The process of grouping into the 40 subdivisions is nonlinear but Note. Abbreviations: F 5 finger dexterity; G 5 general intelligence; K 5 motor coordination; M 5 manual dexterity; N 5 numerical aptitude; P 5 form perception; Q 5 clerical perception; S 5 spatial aptitude; V 5 verbal aptitude.
FIG URE 1 MRI data processing workflow. (a) Diagrams to illustrate the data flow for the primary data processing; identification of functional networks and derivation of multi-class classifiers (MCCs) using multi-class support vector machine (SVM).
Step 1: resting-state functional MRI (rs-fMRI) signals are extracted from the predefined 272 ROIs, and functional connectivity (FC) matrices (correlation matrices) are constructed for the 112 training participants.
Step 2: a simple regression and network-based statistics (NBS) analysis are performed for the FC matrices of the 112 participants, and functional brain networks (BNs) reflecting 19 job divisions are identified.
Step 3: an input dataset (MRI data) to the MCCs-SVM classifiers-is constructed from the edges of the identified functional BNs in addition to another input dataset (vocational aptitude levels), which is constructed from the General Aptitude Test Battery (GATB).
Step 4: the MCCs are trained by the input datasets.
Step 
| MRI measurements
We used a 3-Tesla MRI scanner (Skyra-fit; Siemens Co., Erlangen, Germany), and all participants were scanned in two sessions to obtain structural (T1) and functional image measurements (resting-state fMRI).
Sagittal structural images were acquired using the following parameters: 
| Procedure for MRI data processing
The analysis of MRI data for the two groups was performed according to the processing pipeline described below.
| Preparation of ROIs for functional networks
We used ROIs based on the two templates from Dosenbach and Harvard (Desikan et al., 2006; Dosenbach et al., 2010) 
| Preprocessing of fMRI data
To preprocess the resting-state fMRI data for the 112 training participants, we used the data processing assistant for a part of resting-state fMRI preprocessing software known as DPABI (Chao-Gan & Yu-Feng, 2010; Yan et al., 2016) . The preprocessing included slice-scan time correction, 3D motion correction (maximum head motion: 111 participants passed the maximum threshold of 1.5 mm and 1.58, and the remaining participant passed the maximum threshold of 3.0 mm and 38), bandpass temporal filtering (between 0.01 and 0.1 Hz), and artifact rejection based on the CSF signal. To control for head motion confounds, the
Friston 24-parameter model was used to regress out head motion effects. These functional images were co-registered with each corresponding structural image. formed at an initial threshold of p < .005, and the number of edges in the network was limited to as close to 15 as possible, because a previous study has shown that a small number of brain connections can predict a psychiatric disorder (Yahata et al., 2016) .
| Multiple SVM classifier design (training)
We attempted to design three-class multiple SVM classifiers to evaluate the vocational aptitudes, because the Japanese GATB classifies the job divisions into three classes as described in the previous section (Figure 1a) . Datasets for the design were prepared from the results of the identified brain network analysis for the 112 training participants and the vocational aptitudes scores from GATB, which consisted of a data matrix with features and a label matrix were normalized and divided into three classes (levels) according to the GATB classification: "low," "middle," and "high," for which the GATB scores were divided into evenly with the same size intervals as those of the scores of vocational aptitudes from the minimum to the maximum; that is, the classes were defined using the equation {(x 2 min)/(max 2 min)} 3 3, where x was the score of each vocational aptitude. In the calculation, the number after the decimal point was rounded up. With the datasets of network edges and all vocational aptitude scores grouped into three classes, multiclass (three classes) classifiers were designed using the "classification learner app" in MATLAB 2017b (Mathworks Co., USA), where a one-versus-one design method was used with 10-fold cross-validation, and the predictors were standardized in such a way that the software centered and scaled each column of the predictor data (network edges) by the weighted column mean and standard deviation. All support vector machine models for a job division were designed (using the "all SVM" option), among which an SVM model that showed the best performance was chosen as the classifier for the job division. This process was performed for all 19 job divisions.
| Verification of SVM classifiers (test)
The MRI data for the second student group of 35 participants were processed through the same pipeline as the data from the first student group except for the identification of functional networks, and the vocational aptitude levels of the 19 job divisions were also estimated for the second student group (Figure 1b) .
| RE SUL TS
The measured vocational aptitude scores for the 19 job divisions in GATB for the 112 training participants were evaluated for normality, and the scores were revealed to have come from a normal distribution for all 19 job divisions (i.e., the hypothesis that aptitude scores of each job division came from other distributions than from a nor- A simple regression analysis of the resting-state connectivity and vocational aptitude scores measured by GATB gave 19 functional brain networks (p 5 .005, corrected by NBS); each network corresponded to one job division out of the 19 total GATB job divisions ( Figure 3 ). The average number of edges of the networks was 11 6 3.97. Each network had a different configuration from the others and showed that specific brain areas that were distinct in the network configuration were contributing to the aptitude required for that job division (Table 1 and Figure 3) . Overall, 121 brain areas were involved in the 19 functional networks (Table 2 and Figure 3 ).
Classifiers corresponding to each of the functional networks
were designed using multi-class (three classes: high, middle, and low) SVM, and the training accuracies of the classifiers for all the 19 job divisions were greater than chance (defined as 33.3%), as verified by cross-validation (Figure 4) . The average accuracy of the 19 classifiers was 58.0% 6 8.6%, with a maximum of 70.5% and a minimum of 42.9%. The classifiers were then tested by applying them to the 35-participant test sample, whose data were not used for training the classifiers (multiclass SVM; see the Methods section). The prediction accuracy for the second student group was more than the level of chance for all classifiers in the 19 job divisions ( Figure 5 ). The average accuracy of the 19 classifiers was 51.9% 6 8.1%, with a maximum accuracy of 68.5% and a minimum of 37.1%. The sensitivity and specificity of the classifiers were calculated and are summarized in (Table 4) .
| D ISCUSSION
This study aimed to map brain functions that intrinsically represent vocational aptitudes and to determine the utility of this approach in assessing these aptitudes. We identified functional networks that Previous studies examining psychological scores and brain function or structural changes have identified brain areas associated with the intelligence quotient (Haier, Jung, Yeo, Head, & Alkire, 2004; Colom, Jung, & Haier, 2006; Royle et al., 2013; MacDonald, Ganjavi, Collins, Evans, & Karama, 2014) . The assessment of vocational aptitudes by intelligence alone is limited because although it reflects a general cognitive ability, it only correlates with certain aspects of vocational abilities (Gottfredson, 2003) . A previous study examined brain morphology and vocational aptitude by comparing subcortical brain regions and psychological test scores. However, it
did not completely investigate all the traits required to assess aptitude (Burgaleta et al., 2014) . To the best of our knowledge, this study is the first to use brain function to assess specific vocational aptitudes.
Task-based fMRI and resting-state fMRI studies have indicated that changes in functional networks are more sensitive than structural changes alone (Choi, Sung, Hong, Chung, & Ogawa, 2015; Ogawa, Lee, Kay, & Tank, 1990) . Numerous fMRI studies have also demonstrated specific changes in functional networks associated with learning or training (Albert, Robertson, & Miall, 2009; Baldassarre et al., 2012; Guerra-Carrillo, Mackey, & Bunge, 2014; Dong et al., 2015; Sidarta, Vahdat, Bernardi, & Ostry, 2016; Yang et al., 2016; Wang et al., 2016; Nasrallah, To, Chen, Routtenberg, & Chuang, 2016; Rjosk et al., 2017) . Consistent with the results of these studies, we found that we can evaluate and assess vocational aptitudes by measuring brain function that might occur during learning or training.
The accuracies of the classifiers were better than chance for the training and test groups for all job divisions, supporting the idea that functional networks can reliably reflect vocational aptitudes. There is some variation in this accuracy across the job divisions, and some characteristics of functional networks and vocational characteristics of GATB might contribute to this variation. Therefore, it may be difficult to determine why this accuracy varies across the job divisions, but classifiers with higher accuracy can be used to more reliably predict the corresponding job aptitudes.
The specificity of job aptitudes estimated by brain function is limited by the specificity of GATB, because the brain function networks were constructed based on the job divisions defined by GATB and covered several subdivisions. A major goal of this study is to make practically useful classifiers that can predict a job aptitude with a sufficiently high accuracy so that an individual's aptitudes can be evaluated by MRI. The performance of the classifiers in our study, 58.0% and 51.9% accuracy on average for the training and test, respectively, is not high enough for this purpose, although with this accuracy, we can still apply the classifiers to evaluate vocational aptitudes at the group level or even to individuals by performing repeated MRI measurements (e.g., three times for an individual by allowing the measurement time to be prolonged). Therefore, we need to improve the accuracy to increase the method's utility and practicality; future studies should aim to obtain more specific brain information or to engineer features to improve classifier performance. participants. For some job divisions, the distribution of the 112-participant training sample explains just over half of the distribution of the original population of Japan, as seen in Figure 1c , which may limit the external validity of our functional networks and classifiers. To devise a way to control data sets to have similar variance as the original population would be another aim for our future study, alongside the efforts for the improvement of classifier quality.
Taken together, our results demonstrate that vocational aptitudes are intrinsically represented in the brain and that we can assess them by measuring brain function. We were able to identify functional networks that reflected GATB job divisions and design classifiers that corresponded to these networks.
FIG URE 5
Test accuracies of the classifiers. The classifiers were tested for 35 participants whose data were not used in the training. Accuracy was determined by comparing the VA levels estimated by the classifiers and those measured by GATB. Accuracies for all 19 classifiers were better than chance 
| C ONC LUSI ON S
We found that the vocational aptitudes are represented intrinsically in the brain and that they can be measured by fMRI. We also designed classifiers that can estimate vocational aptitudes. The evaluation of vocational aptitudes by brain function will allow us to make objective assessment of job aptitudes and follow the development of these aptitudes with training or learning, both of which will be useful in assisting with career development. 
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